We consider multiuser video communication over uplink orthogonal frequency-division multiple access (OFDMA) systems. A cross-layer algorithm of joint bit allocation, packet scheduling and wireless resource assignment are proposed to minimize the end-to-end expected video distortion. Video rate adaptation is performed under the wireless resource constraints. The target number of encoding bits for each video packet is obtained to minimize the estimated distortion based on the online content-based rate-distortion function. Due to the inaccuracy of the rate control algorithm in H.265/HEVC encoding, the actual number of bits may differ from the target. Accordingly, the actual encoder distortion may deviate from the estimated distortion. Then, we propose an iterative algorithm to re-assign wireless resources based on the actual number of encoded bits to obtain the final resource allocation policy and packet scheduling decision. Numerical simulation results show that our proposed approach significantly outperforms the baseline algorithms in terms of received video quality.
Introduction
Orthogonal frequency-division multiplexing (OFDM) is an advanced communications technique to provide high-bit-rate transmission and quality of service (QoS) guarantees. In an OFDM system, a user can dynamically be assigned a set of subcarriers with good channel states due to the frequency-selective fading across different subcarriers [22] . Orthogonal frequency-division multiple access (OFDMA) provides flexibility for subcarrier assignment to maximize system capacity and spectral efficiency. The scheduler can dynamically allocate power to subcarriers to satisfy different QoS requirements.
However, it is challenging to improve the end-to-end video quality in uplink OFDMA systems. Users who face severe channel fading may need more subcarriers, which might degrade other users' video quality. Due to the temporal correlation of video frames, video quality may be degraded when packet loss occurs during transmission. Therefore, the problems of video transmission over OFDMA lie in determining video packet encoding and scheduling, and subcarrier and power assignment based on users' diverse video contents and channel states.
Much research has focused on wireless resource allocation for multi-user systems to improve end-to-end video quality. These methods aim to maximize the overall system throughput and spectrum efficiency for downlink [1, 2, 29, 31] or uplink [8, 15, 20, 26] transmission. However, for video transmission, the increase of throughput does not always enhance the received video quality, because quality depends on encoding rate and video content among other factors [19] . Jointly considering wireless resources and video content information is useful.
For video communication over OFDMA systems, optimal resource allocation and packet scheduling has been studied in [4-6, 9, 13, 14, 17, 18, 30] . The video content along with the channel state are jointly considered to optimize the transmission. In [9, 14, 17, 18, 30] , downlink video transmission is studied, in which the videos are precoded. In [9, 17, 18] , cross-layer algorithms are proposed to optimize wireless resource allocation and packet scheduling by evaluating the importance of video packets in the pixel or compressed domain. The authors in [14] proposed adaptive modulation and coding allocation and adaptive energy allocation for wireless video transmission by utilizing only the information in the slice headers. In these methods, however, videos are precoded, and the data size is fixed which cannot adapt to the time-varying characteristic of wireless channels. Transmission for layered video has also been studied. Layered video, encoded by H.264/AVC and SHVC, can dynamically adjust the transmission rate to adapt to the channel state [4] [5] [6] 13] . However, it has a high computational complexity.
To overcome these problems, some research takes the encoding process into consideration. In [10, 23, 28] , real-time video encoding optimization based on the channel state is studied. They predict the packet loss rate through feedback from the receive side, and estimate the overall transmission distortion caused by quantization, error propagation and error concealment for video packets. However, these studies are only applicable to the one-user scenario, and wireless resource allocation is not included in the optimization. Research on joint encoding and transmission resource allocation for multi-user video transmission is also a critically important research area. In [25] , based on the rate-distortion model developed at the level of group of pictures (GOPs), the authors proposed a joint encoding rate and wireless resource allocation optimization algorithm to minimize the predicted distortion. Similarly, the authors of [27] presented a near optimal solutions to both long-term bit rate assignment and packet scheduling for the uplink wireless network. Research in [21] proposed a QoE model which is related to quantization parameter (QP) and packet loss rate during transmission. For each algorithm period, the receiver needs to send back the QoE values, which are evaluated after decoding the data received in the last period. With these historical QoE values, the algorithm chooses QP to maximize the current QoE value under the channel state. In [16] , the authors proposed a optimized cross-layer allocation acheme for multi-user uplink transmission by designing an objective function to maximize the average PSNR. However, there are two problems with the methods in [16, 21, 25, 27] . First, the rate-distortion (R-D) function is fitted before transmission, and developed off-line. It can not adapt to various contents of video frames. Thus, the coding distortion is not accurately predicted. Second, rate control in the video encoders is not precise. The actual number of encoding bits usually deviates from the target one. Thus, the methods of joint video coding and wireless resource allocation are not optimal.
In this paper, we consider a scenario of multiuser video communication over uplink OFDMA systems. The algorithms of joint encoding rate adaptation, packet scheduling and wireless resource allocation are proposed to minimize the end-to-end expected distortion for video users. The main contributions of this paper can be summarized as follows.
1) Quality-driven cross-layer framework. We propose a framework that synthetically considers content-based video rate adaption, multiuser packet scheduling, subcarrier assignment and power distribution. The objective is to maximize the received video quality under application layer, media access control layer and physical layer constraints in uplink OFDMA systems. Therefore, the proposed architecture is a quality-driven cross-layer design. 2) Online content-based rate-distortion optimization for video rate adaption. Video ratedistortion (R-D) functions depend on video contents, and are different for various video sequences, frames and even slices. Therefore, video R-D functions with constant R-D parameters are usually inaccurate. In this paper, we develop content-based R-D functions at the level of video slices. Therefore, it is inadvisable to develop the R-D function of videos by using constant R-D parameters. The R-D parameters are dynamically updated based on the temporal correlations of the video sequences. 3) Iterative algorithm for wireless resource re-assignment based on the actual number of encoded bits. After users encode videos by H.265/HEVC, the actual number of bits for the encoded video may differ from the target due to the inaccuracy of the rate control in the encoder. Accordingly, the actual encoder distortion may deviate from the estimated distortion. Then, an iterative algorithm is proposed for wireless resource re-assignment based on the actual number of encoded bits.
The rest of this paper is organized as follows. In Section 2 we describe our system architecture and formulate the optimization problem. A cross-layer optimization solution of joint video rate adaptation and wireless resource allocation is proposed in Section 3. Then, the baseline algorithms are introduced in Section 4. The performance evaluations are given in Section 5. Section 6 concludes the paper. Notation used in this paper is summarized in Table 1 .
System overview and problem formulation
We consider an application scenario, such as live video and video surveillance, which is described in Fig. 1 . Videos are captured by users and sent to the base station (BS) with 
Subcarrier set of user k, subcarrier set after rate adaptation, subcarrier set after resource re-allocation h k,n Channel gain of subcarrier n when assigned to user k
Number of packet bits, target number of encoding bits after rate adaptation algorithm, actual number of bits after encoding k
Power allocated to subcarrier n of user k, power allocation after rate adaptation, power allocation after resource re-allocation 
System architecture
The block diagram is shown in Fig. 2 . Once a video frame is captured by an end user, the encoder can predict the R-D parameters of each video packet in the frame. The R-D parameters are estimated by using the video content information in the previous frames. After that, users send the BS their estimated R-D parameters of each packet along with the channel-state information (CSI), which in practice can be estimated by users but is assumed here to be known accurately. Based on estimated R-D parameters and CSI, the rate adaptation algorithm will be performed in the BS to get the target number of encoding bits Video decoders use temporal replacement (TR) as the error concealment strategy to combat packet loss during transmission. TR reconstructs the lost blocks using the collocated blocks in the previous frame. It is widely used for its simplicity. 
Problem formulation
For the uplink system, the objective is to minimize the expected end-to-end distortion for all users. The end-to-end expected distortion E{D display } can be expressed as 
Then, the optimization problem can be rewritten as
C1 is the transmission capacity constraint which says that the number of transmitted bits must be less than the capacity. Here N is the total number of subcarriers, t s is the time length of the OFDMA symbol, B is the bandwidth, N 0 is the power spectral density of additive white Gaussian noise, h k,n is the channel gain for user k in subcarrier n, ρ k,n = 1 if subcarrier n is assigned to user k and ρ k,n = 0 otherwise, and p k,n represents the power allocated on subcarrier n to user k.
C2 is the power constraint that ensures the consumed power of each user will not exceed their available power.
C3 represents the subcarrier constraints. Each subcarrier is assigned to one and only one user at each scheduling period.
C4 is the packet scheduling constraint. Each packet is either sent or not.
Cross-layer optimization algorithm
To solve the optimization problem in (3), a cross-layer algorithm is proposed. First, video bitrate adaptation is performed under the wireless resource constraints. Thus, the target number of encoding bits and the corresponding resource allocation is obtained. After video encoding at the target number of bits for every user, wireless resources are re-assigned due to the inaccuracy of the rate control algorithm and the rate-distortion function in the video encoder. 
Joint rate adaptation and subcarrier/power assignment
where I k,m is the number of pixels in packet m of user k. a est k,m and b est k,m are content-related parameters. To adaptively describe the relationship between rate and distortion, we periodically update the R-D parameters a est k,m and b est k,m during encoding by utilizing the least mean square (LMS) method, shown in Appendix, using the parameters in the same location in the previous frame.
At this point in the algorithm, it is assumed that all encoded packets will be scheduled for transmission, so u k,m = 1. Also, D act k,m is not known, so we use D est k,m instead. We change the optimization problem in (3) to be:
To solve the optimization problem in (5), we propose an iterative algorithm by jointly considering the characteristics in the application layer, the media access control layer and the physical layer. In each iteration, one subcarrier is re-assigned to the user who has the potential to achieve the highest distortion reduction. The algorithm is iterative until no subcarrier can be re-assigned. By determining the subcarrier assignment, the target numbers of encoding bits for users can be obtained.
Step 1: Capacity-distortion (C-D) curve fitting
We consider the relationship between channel capacity and encoding distortion for each user. We examine S values of the channel capacity C k (s) evenly spaced over [0, C max k ]:
where C max k is the channel capacity of user k when all subcarriers are assigned to user k, and s = 1, 2, · · · , S. Then, we can derive the minimal estimated distortion D k (s) for each value of the channel capacity C k (s) by solving the problem
The optimization in (7) is a convex problem, and can be solved by the Lagrange dual method [3] . For the S values of (C k (s), D k (s)), we find that the relationship between C k (s) and D k (s) can be depicted by an exponential relationship:
The parameters x k and y k are content-related, and are obtained by fitting. In Fig. 3 , we show the curve fitting results for the 100th frame of three 720p videos (old town cross, stockholm, in to tree). For all three sequences, the R 2 values are greater than 0.999, and RMSE values are very small (3.4732, 1.7874 and 0.8955). The fit is performed per frame.
Step 2: Initial subcarrier assignment
Each subcarrier is initially assigned to the user with the highest channel gain h k,n 2 , as
for 1 ≤ n ≤ N . The assignment is performed per frame. After this step, we have the initial subcarrier set Ω k for each user k ∈ {1, 2, · · · , K}. Moreover, Ψ is defined as the set of users who have the potential to reduce the overall distortion given additional subcarriers. We initialize Ψ = {1, 2, · · · K}.
Step 3: Selection of the user with steepest C-D curve slope Water filling is utilized to allocate the power P k to Ω k . Then, the current transmission capacity of each user C k (Ω k ) can be obtained by
Based on the fitted relationship in (8), the current distortion of each user can be calculated by
The user with the steepest slope of the C-D curve achieves the highest distortion reduction when receiving an increment of additional transmission capacity. Therefore, we select user k * satisfying k
where S k is the slope of the C-D curve for user k, which is calculated by
Step 4: Subcarrier re-assignment
Given user k * in Step 3, we consider all the subcarriers which are not assigned to user k * . We aim to re-assign to user k * one of the subcarriers, which can bring the maximal performance improvement. Here, we use the method proposed in [25] .
For subcarrier n 0 which is assigned to user k 0 at this time, the performance improvement for subcarrier n 0 transferring from user k 0 to k * can be defined as
where Δ g k * (n 0 ) is the distortion reduction when user k * gains subcarrier n 0 , and Δ l k 0 (n 0 ) is the distortion increment when user k 0 loses subcarrier n 0 , which are calculated by Figure 4 illustrates the process of subcarrier re-assignment. In Fig. 4a , subcarrier n 0 belongs to user k 0 ∈ {1, 2, · · · , K} − {k * }, and the current frame distortions of users k 0 and k * are marked by squares in the left two R-D diagrams. After re-assignment, subcarrier n 0 is given to user k * in Fig. 4b , whose distortion goes down to the circular mark. Thus, for each subcarrier n ∈ Ω − Ω k * , we calculate the performance improvement if it were assigned to user k * by (14) . Then we find the subcarrier n * which achieves the maximal performance improvement by n * = arg max
If Δ (n * ) > 0, we take subcarrier n * from user k 0 and assign it to user k * . So Ω k * is updated to be Ω k * ∪ {n * }, and Ω k 0 is updated to be Ω k 0 − {n * }.
If Δ (n * ) < 0, there is no subcarrier which can be re-assigned to user k * to produce an overall distortion improvement. So we remove user k * from the set Ψ . So Ψ is updated to be Ψ − {k * }.
Then we go back to Step 3 for the next iteration. The algorithm stops when there is only one user in the set Ψ .
After iterations, the current allocated subcarrier set is denoted Ω * k . Moreover, we obtain the subcarrier assignment decision ρ * k,n . Then, water filling is utilized to allocate user k's (a) (b) Fig. 4 Illustration of subcarrier re-assignment. a Before re-assignment b After re-assignment total power P k on the assigned subcarrier set, yielding the power distribution p * k,n . Getting the transmission capacity C k Ω * k of each user by (10), we obtain the target number of encoding bits R * k,m of each user by solving the problem
Thus, subcarrier assignment ρ * k,n , power distribution p * k,n , and the target number of encoding bits R * k,m are obtained.
Resource re-allocation based on actual number of encoding bits
Each video packet is encoded with the target number of encoding bits R * k,m using the H.265/HEVC encoder. The rate control algorithm in [12] is utilized in the video encoder. After encoding, we can get the actual number of encoding bits R act k,m and the encoding distortion D act k,m . Since rate control in the encoder may be inaccurate, R act k,m would be unequal to R * k,m . Then, the transmission capacity allocated can be deficient or excess for transmitting the video packets. Besides, the R-D model's inaccuracy also leads to some difference between D est k,m and D act k,m . Therefore, wireless resources are re-allocated to perform packet scheduling, subcarrier assignment and power distribution based on actual number of encoding bits for each video user. According to the actual encoding distortion D act k,m , the re-allocation problem can be formulated as
We propose an iterative subcarrier re-assignment algorithm to solve the problem in (19) . Similar to the basic idea in Section 3.1, we iteratively re-assign one subcarrier to the user who achieves the highest quality contribution improvement until meeting the iteration stop condition.
Step 1: Packet sorting
k,m is estimated by the distortion caused by the TR error concealment strategy when the packet is lost. Among all the packets of user k, the one with highest Q k,m /R k,m will be scheduled first. We give priority to packets which can achieve a higher quality enhancement at the cost of less wireless resources. So we sort the video packets of each user k ∈ {1, 2, · · · , K} by Q k,m /R k,m in descending order as (2) , · · · ,
. It is noted that the packet sorting is performed per frame.
Here, we start the subcarrier re-assignment from the result Ω * k obtained in Section 3.1. And we initialize Θ = {1, 2, · · · , K} as the set of users who have the potential to increase the overall quality contribution when given additional subcarriers.
Step 2: Selection of the user with steepest C-Q curve slope
The user with the steepest slope of the C − Q (Transmission Capacity-Quality Contribution) curve can achieve the highest increase in quality contribution for a given increment of transmission capacity. Unlike the algorithm of Section 3.1 which is executed prior to video encoding, the algorithm here is executed after encoding. So packets can either be discarded or transmitted. Because partially received video packets can not be decoded, the relationship is stepwise between the accumulated video quality contribution Q ac k and the transmission capacity C k based on the scheduling order in Step 1, as shown in Fig. 5 . Here Q ac k is calculated by
where the transmission capacity C k (Ω k ) is obtained by using water filling. Since Q ac k (Ω k ) changes discretely with different values of C k (Ω k ), the increase and decrease of Q ac k (Ω k ) may not be reflected by one-by-one subcarrier re-assignment. We use the slope-like relationship instead of the step-like C k − Q ac k relationship, as the red line in Fig. 5 . The slope of user k's C k − Q ac k curve is calculated by
The user who has the maximal S k has the steepest C k −Q ac k curve slope under the current C k , which is determined by k * = arg k∈Θ min S k (22) where k * is the user who can achieve the highest increase in quality contribution when receiving an increment of additional rate.
Step 3: Subcarrier re-assignment Based on the slope-like C k − Q ac k relationship, given the subcarrier set Ω k of user k, we can calculate the corresponding accumulated packet quality contribution Q ac k (Ω k ).
Fig. 5
Step-like and slope-like C k − Q ac k relationship
We define the quality contribution increment when user k * gains subcarrier n 0 as
and the quality contribution reduction when user k 0 loses subcarrier n 0 as
Then, the performance improvement for subcarrier n 0 transferring from k 0 to k * can be calculated by (14) . Like
Step 4 in Section 3.1, for each subcarrier n ∈ Ω − Ω k * , we calculate the performance improvement if it were assigned to user k * by (14) . Then we find the subcarrier n * which achieves the maximal performance improvement by (17) .
If Δ (n * ) > 0, we take the subcarrier n * from user k 0 and assign it to user k * . So Ω k * is updated to be Ω k * ∪ {n * }, and Ω k 0 is updated to be Ω k 0 − {n * }.
If Δ (n * ) < 0, we remove user k * from the set Θ. So Θ is updated to be Θ − {k * }. Then, we go back to Step 2 for the next iteration. The algorithm stops when there is only one user in the set Θ.
After iterations, the subcarrier set Ω * * k of each user is determined. Hence, we obtain the subcarrier assignment decision ρ * * k,n . Then, water filling is utilized to allocate user k's total power P k on the assigned subcarrier set. Thus, we obtain the power distribution decision p * * k,n . Getting the transmission capacity C k Ω * * k of each user by (10), we determine the packet scheduling u * * k,m as:
Then, we have the final subcarrier assignment ρ * * k,n , power distribution p * * k,n and packet scheduling decision u * * k,m .
Baseline algorithms
In this section, we introduce four baseline algorithms which are used as comparisons. The first baseline algorithm is the rate adaptation algorithm which is based on the one proposed in Section 3.1. The second one is based on the algorithm proposed in [24] .The other two algorithms are designed based on the baselines in [25] , one of which uses only application layer RD information and the other of which uses only physical layer CSI. For each baseline algorithm, the packet scheduling method is applied after encoding to determine which packets will be dropped.
Rate Adaptation (RA) Algorithm
For the RA Algorithm, video rate allocation, power distribution and subcarrier assignment are performed as proposed in Section 3. After encoding, the actual number of bits for some video packets may exceed the target. Thus, for the video packets in the transmission queue of user k, the packet scheduling method is performed as follows.
The video packet size R k,m and the quality contribution Q k,m are obtained after encoding. The Q k,m values will be sorted in descending order as Q k, (1) , Q k, (2) 
, every packet in the queue can be successfully transmitted.
• However, when R k,(1) ≥ C k (Ω k ), it means all packets have to be dropped.
• When
, the first L video packets can be transmitted while the remaining packets have to be dropped.
Average PSNR optimization (APO) algorithm
Based on [24] , a cross-layer average PSNR optimization algorithm is designed as a comparison of our method. The objective function of this optimization is maximizign the average PSNR of all users, which is equal to minimizing the product of all uses' distortion, as
MSE k (25) where P = is the power assignment matrix whose (k, m) entry P k,m is the allocated power for user k on subcarrier m. The optimization period of APO is one GOP, which is set as 4 frames based on the encoder lowdelay P main.cfg configuration in HEVC. For each GOP, a ratedistortion model is fitted by four RD samples, which are coded with different rates. In this way, with the power and bandwidth constraint, APO can optimize the target encoding bits and resource allocation for each user. After encoding, if the size of video packets exceeds the transmission capacity, the packets will be sorted and dropped based on the method in Section 4.1. It should be mentioned that in [24] , the author also apply the MU-MIMO uplink transmission system to improve the information rate and video quality. But we remove this part when comparing our algorithm with APO, because APO and our proposed algorithm can get the same promotion if apply MIMO transmission system.
Application layer optimization (APP) algorithm
We design the baseline application layer algorithm according to "APP Baseline Algorithm" in Section V-A of [25] .
The subcarriers are assigned based on the R-D function. Then every subcarrier is regarded as having the same channel gain. Given the same target PSNR value for each video, a corresponding rate R k can be acquired by their R-D relationships. Therefore the number of subcarriers assigned to user k can be calculated based on the proportion of rate among users, which can be expressed as (26) where N is the total number of subcarriers and K is the number of users. The subcarriers will be randomly assigned to users according to their target subcarrier number N k . Thus, the subcarrier set Ω k is determined. It should be noted that "APP Baseline Algorithm" in Section V-A of [25] bases the R-D information on the GOP level and is obtained off-line before transmission. Here, we get the R-D function online at the packet level.
Based on CSI, water filling is applied to distribute the power for the subcarriers in Ω k to get the power allocation p k,n and transmission capacity C (Ω k ) of each user. Then the target number of encoding bits for each video packet can be acquired by solving the problem in (18) . Here CSI is only used to determine the transmission but is not applied when allocating resources. After encoding, the same packet scheduling method as Section 4.1 is applied here.
Physical layer optimization (PHY) algorithm
The physical layer baseline algorithm is the same as the one in Section V-B of [25] . The subcarriers are assigned to users based on their channel gains h k,n without considering the video contents. Afterwards, we allocate the power for each subcarrier by water filling and we can get the transmission capacity C (Ω k ) of each user. Then we distribute C (Ω k ) equally to each video packet m, 1 ≤ m ≤ M of user k as their target number of encoding bits. After encoding, the same packet scheduling method as Section 4.1 is applied here.
Numerical results
In this section, we provide numerical simulation results to show the performance of our proposed cross-layer optimization (CLO) algorithm and the baseline algorithms introduced in Section 4. In the simulations, three different videos (Old town cross, Stockholm, In to tree) with various contents are used. Each of them has 300 frames in 720p (1280*720) format with frame rate of 25 fps. The video encoder is H.265/HEVC (JCTVC reference software, HM-15.0 [11] ). Thus, each frame has 240 CTUs (Coding Tree Units). All frames, except for the first frame, are encoded as P frames. To increase the error resilience, 22 random forced intra CTUs are inserted into each frame. Each frame can be partitioned into one or more slices in the video sequences. With the slice header serving for resynchronization, each slice can be decoded independently at the receiver. In this paper, a slice consists of 10 CTUs, which can be a good balance between error robustness and compression efficiency [18] . After encoding, each slice will be packetized into a transport packet. Therefore, there are 24 packets in one frame. The transport packet would be divided into several data packets before transmission in an OFDMA wireless system based on the restriction of the maximal transmission unit.
In the OFDMA system, the total transmission bandwidth is 5 MHz. The bandwidth is divided into 256 subcarriers. The link between the users and the BS is modeled as a frequency-selective channel that consists of six independent Rayleigh multipaths. The component of each path is calculated by the Clarke's flat-fading model [7] . It is assumed that the power delay profile is exponentially decaying with e −2l , where l is the multipath index. 
Performance of rate control and distortion estimation in video coding
In Fig. 6 , we show the predicted and actual values of packet distortion for the 100th frame of the sequences "old town cross", "stockholm", and "in to tree". The predicted values are calculated by the R-D function using the actual number of packet bits. The deviations of the predicted distortion from the actual distortion will cause suboptimal wireless resource allocation. Figure 7 shows the comparison between the target number and the actual number of encoding bits for the 100th frame of the same three sequences. In Fig. 7a and b, the target numbers of encoding bits for most packets are larger than the actual ones. While in Fig. 7c , the actual number of encoding bits exceeds the target ones for some packets. The allocated wireless resource is deficient to transmit these packets. Therefore, it may be useful to assign more subcarriers to transmit these frames. The deviations shown in Figs. 6 and 7 motivate the resource re-allocation process of Section 3.2. Figure 8 shows the average PSNRs for video sequences by using different algorithms. The average PSNR of our proposed CLO is 36.01dB, whereas the average PSNRs of RA, APO, APP, PHY are 35.14 dB, 34.00 dB, 29.57 dB and 33.55 dB, respectively. As expected, the cross-layer algorithms (CLO, RA and APO) outperform other baseline algorithms (APP (a) (b) (c) and PHY), because the rate adaptation and the resource allocation are determined by jointly taking video contents and channel states into consideration. Meanwhile, the resource reallocation performs a better subcarrier allocation, which makes CLO perform better than RA and APO. APP tends to assign more subcarriers to users who have complex video contents even if they experience poor channel states. However, this kind of user might only get a small quality improvement at the cost of a large number of subcarriers. For PHY, the subcarriers are assigned to users who have better channel states, which wastes wireless resource for videos with simple contents. Based on our simulations, the performance gains of CLO are mainly obtained by videos with more complex contents such as stockholm (user 2). The C-Q slope of the user with complex video content is the steepest among all three users. In this way, during subcarrier re-assignment, user 2 is more likely to get subcarriers from the other two users. Meanwhile, for users 1 and 3, the C-Q curve slopes are shallow. Therefore, the video qualities of these users will not suffer great degradation when some of their subcarriers are removed. With the resource re-allocation, CLO can obtain a higher quality improvement compared with RA and APO. Among three cross-layer algorithms, APO performs the worst because the optimization period of this algorithm is GOP, the channel condition can be changed during transmission of one GOP. This might cause the waste of transmission resources or packet loss. Figure 9 shows average PSNRs per frame across the users for different algorithms. For clarity of exposition, we only give the results from the 70th to the 140th frame. We can see that our proposed CLO performs better than other counterparts. APP performs worst among all the algorithms. Moreover, PHY experiences sharp drops in quality several times, especially around the 100th, 112th and 120th frames. It is because PHY assigns subcarriers based on channel states regardless of video contents, which will be strongly influenced by the time-varying characteristic of channels. The average PSNRs per frame of CLO and RA have similar trends with frame index. Due to resource re-allocation, the average PSNR of each frame in CLO is 1.0dB higher than that in RA. APO is more than 1.0dB lower than RA because of the channel variation. Table 2 demonstrates the results of the packet loss rates and the corresponding average PSNRs. Two interesting phenomena emerge from the results.
Performance comparison among different algorithms

Comparison of packet loss rates and corresponding average PSNRs
First, for CLO and RA, the packet loss rates are 2.91% and 2.52% on average, but the average PSNR of CLO is 0.87dB higher than RA. As the video qualities are the same for CLO and RA after encoding, the quality improvement is entirely brought by the resource re-allocation algorithm. User 2 achieves a 0.51% decrement in packet loss rate and obtains a 2.74dB increment in average PSNR. Meanwhile, the average PSNRs of users 1 and 3 in CLO are approximately the same as those in RA. However, the packet loss rates of users 1 and 3 in CLO are obviously higher than those in RA. This illustrates that the packets of users 1 and 3 make less contribution for quality improvement. In CLO, more wireless resources are re-allocated to the packets of user 2, who can make a large contribution to overall video quality. From Table 2 , the performance of APO is worse than CLO and RA. It is caused by the high packet loss rate since the optimization period is longer than CLO and RA, thus the change of channel condition cannot be acquired by APO. For user 1, the packet loss rates of RA and PHY are 3.08% and 2.95%, respectively. Despite the lower packet loss rate, PHY has a 2.29dB decrement in PSNR. Based on the channel states, user 1 in PHY is allocated fewer subcarriers and hence is set a low target number of encoding bits. The encoding distortion of user 1 is high under the low target number of encoding bits. However, for RA, user 1 is allocated more encoding bits by jointly considering the video contents and the channel state, and then the video packets will have lower encoding distortion. In this way, although the packet loss rate is higher, RA also performs better than PHY for user 1.
Performance comparison under different average SNRs
To verify the robustness of our proposed algorithms, two different scenarios are set for simulation. In the first scenario, the average SNRs for users 1 and 3 are set to be 25 dB, and the average SNR for user 2 is 15 dB. In the second scenario, the average SNRs for users 1 and 3 are 15 dB, and the average SNR for user 2 is 25 dB. The two scenarios correspond to the situations that users have different channel states caused by large-scale fading. As shown in Fig. 10 , in both scenarios, CLO performs best in terms of the average PSNRs.
In the first scenario, user 2, who has complex video contents, experiences the worst channel state. For baseline algorithms, the average PSNR obviously decreases, especially for APP. Our proposed CLO produces high PSNR for user 2. Most packets of user 2 have fewer target bits under the low average SNR. Thus the C-Q curve slope is steep. It is opposite for the packets of user 1 and 3. Therefore, many subcarriers will be adjusted to user 2 in resource re-allocation. Thus, CLO achieves higher overall video quality across all users. In the second scenario, CLO gets higher performance for the users with poor channel states, and achieves the highest average PSNR. The simulation results of the two scenarios verify the robustness of CLO.
Performance Comparison under Different Power Constraints
In Fig. 11 , the performance of all algorithms with different user power constraints are shown. For CLO, RA, APP and PHY, we find approximately 0.44 dB, 0.65 dB, 1.27 dB and 1.05 dB performance gains respectively when the total powers are 1.0 W, 1.1 W, 1.2 W and 1.3 W. In Fig. 11 , we see that CLO and RA achieve a PSNR of 35 dB where the total power constraint is 1W. While APO can achieve a PSNR of 35dB only at the power of 1.3 W, but APP and PHY do not attain that level even when the power is increased to 1.3 W. In uplink OFDMA systems, energy consumption is an important issue for user equipment. The simulation results show that CLO, in which the video contents, channel states and power constraints are exploited sufficiently, requires lower transmission power for a user to achieve the same video quality compared to the baseline algorithms.
Performance Comparison for Different Video Resolution
To evaluate the robustness of our proposed algorithm, we set the resolution of each user to be different. The video sequences tested here are Basketball (1080p), Parkjoy (720p) and BQMall (480p). Other experiment settings are the same as in Section 5.2. The average PSNR comparison is shown in Fig. 12 . We can find that cross-layer algorithms outperforms single-layer algorithms. Among 3 cross-layer algorithms, our proposed CLO can obtain the highest average PSNR of all three users. Compare with RA, CLO outperform about 2dB for user 1, and only slightly worse for user 2 and 3. Because the video sequence of user 1 is with the highest resolution and complex motion content, thus when the channel condition is bad, the allocated coding rate for user 1 can be insufficient, and the real packet size might exceed the transmission capacity that allocated in the optimization. So with the re-allocation process in CLO, the packets which have very high utility can acquire more resources from the unimportant packets of user 2 and 3, and transmitted successfully. APO has the worst performance of all three cross-layer algorithms because of the long optimization period, which cause the waste of channel resources or high packet loss rate when the channel fluctuation happens. 
Conclusion
In this paper, we propose a cross-layer algorithm of joint encoding rate adaptation, packet scheduling and wireless resource allocation for multiuser video communication over uplink OFDMA systems. Based on online content-based rate-distortion optimization, rate adaptation is performed for users under wireless resource constraints. Considering the inaccuracy of the rate control in the encoder, wireless resources are re-allocated based on the actual number of encoded bits after videos are encoded by H.265/HEVC. Iterative algorithms are presented both for video rate adaptation and wireless resource re-allocation. Simulation results verify the performance of our proposed algorithm. Compared to the baseline algorithms, our proposed CLO outperforms by 0.87-6.44 dB in terms of average received PSNR, and is robust in scenarios with various channel states and different total power constraints.
where a = ln a. 
